Offering increased variety in a market is one method of capturing greater market share. However, we generally observe diminishing marginal returns in share as the size of the product line is increased. Leveraging commonality is a means of offsetting this constraint as it leads to reductions in manufacturing costs and build complexity. Product platforms strive to capitalize on the naturally occurring phenomena that yield commonality in a product line. The structure of design variable values of individually optimized products create opportunities for commonality in a bottom-up platform, while a top-down platform discovers opportunities for commonality through similarity in customer preferences. This paper explores the effect of changing the number of products, and commonality between those products, on market share. Results from designing a varying number of products independently are leveraged to create a bottom-up product platform. A top-down product platform approach based on a heterogeneous discrete choice model and a multiobjective genetic algorithm is presented that allow commonality decisions and product configuration to occur simultaneously. Using the platforming techniques presented in this paper, it is shown that the top-down platforming approach allows for more well-informed platformed design by providing knowledge of the tradeoff between commonality and market share.
INTRODUCTION
In an increasingly global market, a major challenge for companies is producing products with enough variety such that they capture the largest market share while simultaneously enforcing commonality to reduce manufacturing costs. Two different product platforming approaches -bottom-up and topdown -have been proposed as a means of enforcing commonality while minimizing sacrifices in market share. However, there has been little work in the engineering design literature that explores how to methodically choose the number of product variants to offer. To accomplish this, this paper uses a heterogeneous discrete choice model (based on real customer data) to infer proper market segmentation for two different case studies which vary significantly in size.
Initial work [1] by the authors to combine market-based design and system optimization began by leveraging a homogeneous market model to carry out the multidisciplinary design optimization of a single product. While useful for demonstrating the integration of market simulation and design optimization, the practical applicability of this multidisciplinary design framework was limited by the homogeneous nature of the market simulator.
In subsequent work, the authors developed a heterogeneous version of the S-Model [2] . This was accomplished by calculating weighting factors regressed from sales volume and performance data for existing vehicles. Performance measures of a preliminary vehicle design were optimized to maximize the perceived value within a segment subject to the constraint that the design was feasible when considered under the construct of a Technical Feasibility Model [3] . Changes in consumer value were defined relative to an existing baseline vehicle in each market segment, and a bottom-up product platforming approach was extended to promote commonality with maintaining specified levels of minimum performance.
A limitation of this work, however, was that the number of products created was defined by existing product segmentation. Determining the number of variants to offer may be accomplished more effectively when customer preferences are used. This paper explores how discrete choice models can be exercised in a feature combination problem to facilitate the simultaneous segmentation of the market and the design of multiple products. As shown in Figure 1 , this research extends the authors" previous efforts by moving from product-based heterogeneous market segmentation toward customer-based heterogeneous market segmentation.
Figure 1: Growth of Market-Based Design and System Optimization
This research is particularly timely as manufacturers struggle to define the right number of build combinations to offer. For example, with planned yearly sales of only 8000 vehicles, the Volvo C30 was launched with over 5 million different build configurations [4] . Instead of adopting such a beachhead approach to product proliferation, companies must strategically target products to defined customer groups with strong preference and favorable willingness to pay.
In addition to exploring the effect that size of the product family has on preference share, this paper contrasts the performance of a bottom-up platform with a top-down platform designed using a multiobjective genetic algorithm (MOGA). The bottom-up platform is created by using heuristics to enforce commonality among individually created designs and then re-optimizing to create a product family. The top-down platform is unique in that all products are designed simultaneously using a MOGA to balance the trade-off between preference share and commonality.
In the next section, the necessary background behind this research is in introduced. This section is followed by the approach taken, and a small case study problem is simultaneously introduced to demonstrate the procedure. A more complex case study problem is presented in Section 4 which is then followed by a discussion of results. Conclusions and avenues for future work are discussed in Section 6.
BACKGROUND
This research extends prior work in discrete choice modeling, product platform design, and the application of heuristic optimization techniques to multiobjective and multidisciplinary problems. Section 2.1 explains the continuous nature by which heterogeneity is represented, while Section 2.2 discusses prior efforts in product platforming. Finally, Section 2.3 discusses how different computational techniques work to manage the computational cost associated with complex system design.
Heterogeneous Demand Models
In keeping with terminology used by Train [5] , heterogeneity in customer preferences can be defined as variation in taste across individuals. Discrete representations of heterogeneity have been common perhaps because their development and interpretation are more intuitive [6] [7] [8] . In these model forms respondents are subdivided into discrete groups and tastes within each group are represented using scalar parameters.
Recently, models with continuous representations of heterogeneity have become more prevalent in market-based engineering design. By nature, all random utility models in the generalized extreme value family include continuous representations of heterogeneity in some form through their stochastic terms. This includes the popular multinomial logit model applied by Wassenaar and Chen [9] , Wassenaar et al. [10] , Michalek et al. [11] , and Kumar et al. [12] as well as the nested logit models used by Kumar et al. [13, 14] . Researchers have avoided random coefficient models, despite their much less restrictive assumptions concerning stochastic utility terms, because of the computational expense involved in both fitting and evaluating these models [12] .
Mixed logit models have also been applied to engineering design problems by Shiau et al. [15] and Michalek et al. [16] .
Ferguson and Donndelinger [17] explored how the choice of a Latent Class multinomial logit or hierarchical Bayes mixed logit model of consumer preference influences the result of a feature-package problem. Further, Donndelinger et al. [18] demonstrated that results of a vehicle configuration design problem can be highly sensitive to the specification of the market demand model.
More importantly, Shiau and Michalek [19] established that when using multinomial logit to model customer choice while simultaneously perturbing more than one alternative in a design optimization problem, every perturbed design alternative will converge to the same solution. Also, He et al. [20] looked at Usage Context-Based Design while implementing methods for common usage identification and choice model estimation.
To determine the optimal number of offerings -and their configuration -in a product line, this paper uses a hierarchical Bayes mixed logit model. A hierarchical Bayes model estimates preferences for each respondent using two critical stages. The first stage of fitting a hierarchical Bayes model assumes that individual preferences are governed by a multivariate normal distribution. This assumption serves as the "prior" by finding a population"s average preference. In the second stage, this information is combined with each respondent"s choice tasks to estimate individual preferences. In this second stage of the model fit, individual preferences are established as the difference of the respondent from the group average in order to capture the heterogeneity of the population [21] .
Platforming Techniques
To leverage product families across multiple market segments, Meyer and Lehnerd [22] introduced the market segmentation grid shown in Figure 2 . Using horizontal leveraging, vertical leveraging, and beachhead strategies of targeting market segments, two basic approaches to product family design have been identified [23] . A top-down approach is used to manage a family of products and its variants when starting with a core product architecture. Conversely, a bottomup approach permits the redesign or consolidation of a group of distinct products in an effort to standardize components and control costs.
However, a limitation of the market segmentation grid is that there is little to no analytical support to help define the appropriate number of product offerings and the appropriate market segmentation. This work makes efforts to address this issue by using customer preferences to simultaneously define market segments while identifying the appropriate product offerings.
In a scalable product family [23] [24] [25] [26] , designers determine which parameters should be included in the platform, and then scale those variables to satisfy various customer needs. Many scalable product family approaches originally required the definition of the product platform a priori [27] ; however, an increasing number of recent works (such as Dai and Scott [28] ) allow for simultaneous platform determination and variable scaling. While many programming techniques have been explored -traditional nonlinear algorithms, heuristic techniques, physical programming [24] , analytical target cascading [29] -Simpson [30] advocates genetic algorithms as the most effective technique given the combinatorial nature of product family design.
The use of genetic algorithms has been applied to product family design in various ways. One example is a hybrid technique in which a genetic algorithm is combined with another search technique for increased efficiency [31] . Some research has been directed toward using both single and multiobjective genetic algorithm in order to design more robust product lines [32, 33] . Later, Luo [34] used a genetic algorithm to balance the optimality of a product line from both engineering and marketing perspectives. On the engineering side, the feasibility and robustness as well as cost synergies were considered. From the marketing standpoint, how the competitors and retailers respond to the product was accounted for. Configurational product family design focuses on creating variants by adding, interchanging, and/or removing functional components from a modular architecture [35] . Challenges in configurational product family design include module identification [36] , interface standardization [37] , and architecture embodiment. More comprehensive discussions of product platforming fundamentals and research within the field [38, 39] are available for the inquisitive reader.
An additional outcome of product platform research has been the increased interest in quantifying product commonality. In this paper, we determine commonality within a product line using the commonality index, as referenced by Thevenot and Simpson [40] and originally proposed by Martin and Ishii [41, 42] . This commonality index will be used as a pseudorepresentation of cost as the true cost data is proprietary. The commonality index is calculated using Equation 1, where u represents the total number of available product features, p j represents the number of features in project variant j, and v n represents the total number of product variants offered. The range of the commonality index is 0 ≤ CI ≤ 1 where 0 means that there is no commonality between the products and 1 means that all the products in the product line are identical.
(1)
Figure 2: Market Segmentation Grid[22]
A fundamental assumption of this paper is that an increase in the commonality index will correlate to an increase in commonality that can be leveraged in creating the product platforms.
Optimization Techniques
Reducing computational effort is an important aspect of this research as the multiobjective problem formulation of feature packages typically are formulated with a large number of design variables. A technique such as the branch-and-bound algorithm for discrete and combinatorial problems is initially attractive as it is a heuristic approach that also guarantees optimality of the solution. Another optimization technique is a multiobjective genetic algorithm which allows for the optimization of multiple objectives simultaneously. Some applications of MOGAs in product family design include the optimization of weight and efficiency [43] and to explore the tradeoff between commonality and distinctiveness [44] . Advantages of MOGAs include the requirement of far fewer function evaluations to converge to a set of solutions than other methods (such as grid searches or iterative weighted sums). Additionally, MOGAs are quite robust to ill-conditioned problems (multimodal, discontinuous, discrete, etc) which improves the density and uniformity of sampling across the entire non-dominated frontier. Furthermore, MOGAs are zero order; the form of the evaluation function is irrelevant to the workings of the algorithm. This method therefore lends itself well to use with simulation codes for which there are no analytical evaluation functions.
Having introduced the fundamental concepts associated with the work, the approach governing this work is introduced in the next section.
APPROACH
As a motivational driver of this research, we consider the following scenario. A company is bringing a new product line to market. A number of features are available on the product; each feature is offered in a number of different levels that represent either removal of the feature from the product or upgrades from basic functionality.
The motivation for modeling product features in this manner is twofold: 1) customers are apt to upgrade or downgrade their preferred product configuration based on the available variants and the number and types of feature packages available, and 2) unforeseen changes in technology, supply chains, or other factors introduce substantial uncertainty in feature offerings, possibly resulting in cost increases for features or lack of feature availability.
The objective function in this problem is evaluated directly from the response of the market simulation model. We make the simplifying assumption in this work that preference share may be interpreted as market share. This is not likely to be an accurate estimator of market share, but is an acceptable method of comparison because an increase in preference share should correlate with an increase in market share. This in turn means that if preference share is maximized, market share will be maximized as well.
This paper analyzes the steps taken to determine the most appropriate number of product offerings and the creation of a top-down platform and bottom-up platform. These steps are shown in Figure 3 . This approach involves fitting a model, selecting an optimization technique, selecting the appropriate product line size, constructing the bottom-up and top-down platforms, and comparing the results. To demonstrate each of these techniques throughout the approach, a smaller case study will be presented.
Figure 3: Approach Outline

Step 1: Fitting the HB Model
Once the choice-based conjoint results were collected, a hierarchical Bayes mixed logit model was fit using the Sawtooth Software CBC/HB module [21] . The module was set to perform 10,000 random draws for each respondent before assuming convergence and averaging the next 10,000 random draws to minimize the error.
To demonstrate the methods used in this paper, a smaller, representative case study is introduced. This case study is the result of a choice-based conjoint study involving 438 respondents. It contains 6 unique product attributes that vary in the number of levels available. Each attribute level has an associated minimum cost as determined by the company"s cost to provide the particular attribute. The 7 th attribute is price, and in this paper price is assumed to be the sum costs of the attributes, as per the industrial practice associated with this work. The number of levels available for each attribute is shown in Table 1 , resulting in 10,368 build combinations. Having defined a problem and fit a heterogeneous demand model, it is now possible to explore the impact of product configuration on captured share. The next section contains an exploration of the effectiveness of different optimization algorithms available when conducting this product search.
Step 2: Effectiveness of Different Optimization
Algorithms Sawtooth"s Advanced Simulation Module [45] conducts product searches using various search methods. To obtain the best and most consistent results, the strengths and weaknesses of each of the search methods are assessed. These search methods include grid, gradient, genetic, stochastic, and exhaustive searches. Results using the grid search were the most consistent and repeatable, and consistently captured the largest preference share. The gradient and stochastic search methods in Sawtooth are identical to the grid search for uninterpolable values. Because the case studies presented contain only discrete variables, there is no advantage to the stochastic or gradient search over the grid search [45] .
The genetic search returned results similar to the grid search, but had to run for 20 times as long to obtain the same result.
The exhaustive search is typically not feasible given the size of most engineering design problems. For example, if a problem has 10 design variables with 3 discrete levels of each variable, there are 3 10 or about 60,000 possible build combinations for a single product. In searching for multiple products, there will be 60,000
(# of Products) evaluations required. When designing only two products, over 3.6 billion functional evaluations would be required, making this approach computationally intractable.
By exploring the computational complexity of this problem the grid search option was chosen as the most attractive search method. The next step of this approach explores how market share changes when the number of products offered in a line is varied.
Step 3: Exploring How Product Line Size Affects
Market Share In theory, as the number of offered products increases, the market share captured by the product line should increase. However, the additional market share captured by each product typically decreases. This is an example of the law of diminishing marginal returns, and is depicted in Figure 4 . The share captured by each product line, and the percent increase due to each product added, is shown in Table 2 . As seen in both the figure and the table, each additional product added to the product line yields a smaller increase in share. To understand the appropriate product line size, how the size of the product line affects preference share must be explored. This is done by measuring the incremental impact on preference share. Preference share has a naturally asymptotic behavior because the preference share function is range-bound between zero and one and exhibits asymptotic behavior at the bounds. This naturally asymptotic behavior will be corrected for by performing a logit transform on the share estimates and evaluating changes in the logit of share rather than changes in the share itself. The formula for the logit transform (L) of the proportion of preference share (p) is shown in Equation 2.
(2) By using the logit transform on the preference share, the preference share (a quantity that is necessarily bound between zero and one and naturally exhibits asymptotic behavior) is transformed into a quantity that is not bounded (may take on any value from negative infinity to infinity) and does not exhibit asymptotic behavior. By using this transform, it is possible to distinguish between true diminishing returns and false diminishing returns due to properties of the choice model. The change in logit of preference share is presented in Figure 5 . Judging the impact of adding products to the product line based on changes in the logit of preference share, a local optimum is observed that suggests the optimal product line size is five products.
Another trend resulting from an increase in product offerings is a correlate increase in commonality between the products in the line. Table 3 shows the commonality between products within each product line when two through five products are offered. Calculations are completed using the Commonality Index [39] [40] [41] , as discussed in Section 2.2. There are two reasons why the Commonality Index for this problem approaches unity as the size of the product line increases. First, when the product line contains more products than there are unique levels for a particular attribute, there must be some level of commonality within the product line for that attribute. For example, this case study problem has two possible levels for the second attribute. If three or more products are offered in the product line, there must be a nonzero level of commonality within that product line. This unavoidable increase in commonality may cause the appearance of the law of diminishing returns. The second major reason for the increase in the Commonality Index occurs when there are clearly favored attributes. For example, in this case study, almost all respondents preferred level three of attribute one significantly more than the other seven levels of that attribute.
Step 4: Bottom-Up Platform Creation
While designing a product for each customer may be the ideal solution for capturing maximum market share, there are two fundamental issues that must be considered. First, this business model may be undesirable from a corporate standpoint due to the manufacturing and engineering costs associated with a seemingly infinite number of build combinations. Second, while customers may like the idea of getting exactly what they want, Levav [46] has shown that customers do not always take the time to select what they truly want when given a significant number of choices to make. Therefore, if a platform is created that captures the preference of most consumers for some attributes, customers can still have what they want while not having to make as many decisions.
One objective of this paper is to explore how the commonality inherent to individually designed products can be leveraged to create a product platform that will balance market share changes with product commonality. This commonality is assumed to correlate with a decrease in manufacturing costs. If manufacturing cost information were available, there should be an optimal tradeoff point for share versus commonality, and identifying that tradeoff location is a source of future work.
As the previous step created a series of individually designed products, a bottom-up platforming method is now explored. This platform is created using these five products and follows proposed architecture rules for each attribute:
 If any attribute level appears in over half (3 or more) of the products, platform around that attribute;  If one attribute level appears in three products and another in the remaining two products, allow the product family to contain both levels of that attribute;  Otherwise, only eliminate attribute levels that are not used. Table 4 shows the optimal five product line for Case Study I and the bottom-up platform that is created using the architecture rules outlined above. With the bottom-up platform set, the analysis will turn to generating a top-down platform. The two platforms will then be optimized and compared with each other.
Step 5: Top-Down Platform Creation
The second platforming approach simultaneously determines the configuration of the individual products and the core architecture. This is a unique, new approach to top-down platforming in that the optimal platforms at each level of commonality are created simultaneously. To conduct this analysis, the MOGA in the MATLAB Optimization Toolbox [47] (optimtool) is used to minimize the negatives of both preference share and commonality. The MOGA is run with an initial population of 1000 and the remaining settings at the default values. For visualization purposes, the MOGA results for a product line varying from two to five products were generated. Figure 6 shows the MOGA results for Case Study I. When the Commonality Index is unity, all of the products in the product line are identical. As the Commonality Index approaches 1, the frontiers should converge at the same preference share because if the products in the product line are identical, the result should contain multiple copies of the optimal single product. Note that in Figure 6 , the frontiers do not extend to a commonality of zero. This occurs because in creating a more diverse product line, sub-optimal attributes must be included for some products once the commonality is below a certain point. This occurs when a majority of the respondents show a strong preference for a particular level of an attribute, or if there is a particular level of an attribute that little or no respondents preferred. To reduce commonality beyond a certain point in these cases, the product line is too diverse with some products that contain less desirable features. Also, when the number of products in the product line exceeds the number of attribute levels, there will be a required amount of commonality within the product line because each product cannot have a unique level for each feature.
Additionally, as the number of products increases, the minimum commonality within the product line will increase due to there being a discrete number of levels for each attribute. This is why the Pareto frontiers cannot extend to a commonality of zero. For example, if there are only two levels for a particular attribute yet 3 or more products in the product line, not all of the products can have a unique setting for that particular attribute, requiring there to be some level of commonality. Figure 7 shows the Pareto frontier for the five product case. Each point along the frontier represents an optimal topdown product platform. If it is deemed acceptable to give up share for an increase in commonality, one should look further down and to the right along the Pareto frontier. If more preference share is desirable and additional costs associated with a reduction in commonality acceptable, shift up and to the left along the frontier. The location along the frontier is selected according to whichever heuristic the firm chooses when relating cost savings from commonality and the desired amount of preference share. The location where the bottom-up platform appears with respect to the frontier is also shown.
Typically, it would be up to the product line manager to make the decision based on the appropriate weighting scheme between the two objectives in order to select the platform that bests suits the firm. In this case, for demonstration purposes, two platforms were selected, one that dominates the bottom-up platform on the preference share scale while having a similar Commonality Index, and one that dominates it with respect to the Commonality Index and has a similar preference share. It should be noted that since the Commonality Index is used as the objective function in the optimization, the top-down platform is not required to have common attributes across all products. Instead, commonality is naturally embedded into the five product solution that is obtained from this result.
The preference share and build complexity for each of the platforms are compared in the next section.
Step 6: Comparison of Results
To compare the two platform strategies, the bottom-up platform must be optimized based on the platform created. The share captured, and the number of build combinations, are compared to both the unplatformed case as well as the two topdown platforms. These results are shown in Table 5 . The number of possible build combinations for any single product initially is the product of the each number in the bottom row of Table 1 . Initially, in this case study there is 10,368 possible build combinations. The unplatformed five product line results in 144 remaining build combinations, reducing the original build complexity by two orders of magnitude. The number of build combinations for this case is calculated by eliminating attribute levels absent from the final product line. Both the bottom-up and top-down platforms sacrifice preference share with respect to the non-platformed solution in order to leverage increased commonality.
In comparing the product platforms, both of the top-down platforms returned a fewer number of build combinations than the bottom up even though the bottom-up platform had a slightly greater Commonality Index than the first top-down platform. The first top-down platform had about 1% greater preference share than the bottom up while the second top-down sacrificed just 0.14% preference share in favor of a further reduction in the number of build combinations.
These top-down platforms were selected to show that this top-down approach can dominate the bottom-up approach with respect to these two objectives, but any other point along the Pareto frontier can be selected if the firm prefers to capture more share with a more diverse product line or if it is preferable to sacrifice share in order to save on costs by enforcing more commonality.
With the approach explained and demonstrated using the smaller case study, the large case study will be presented and the two case study results compared.
CASE STUDY
The first case study was introduced alongside the approach and was used to demonstrate the methodology of this research. The problem introduced in this section is significantly more complex and demonstrates the necessity for effective platforming architecture methods. It will be referred to as Case Study II. This problem has 19 unique product features with various levels as shown in Table 6 . The number of unique product build combinations in this case study is 1,074,954,240. Again, each feature level is associated with a minimum cost as determined by the company"s cost to provide the particular feature level and the 20 th attribute is the price of the product. Examples of the minimum prices for levels of a particular attribute, x 6 , are shown in Table 7 . Due to the large nature of this problem, a fractional factorial design was employed in which each respondent saw 12 of the attributes. 2275 respondents were surveyed in this conjoint study where each respondent responded to 19 choice tasks. A HB-ML model was fit using Sawtooth Software"s CBC/HB module. 
Effectiveness of Different Optimization Methods
The first objective of this case study problem is to ensure that the previously selected search method is the choice for this problem. Again, the exhaustive search is infeasible as this problem is much larger than the previous case study. The genetic search performed inadequately -consistently missing the optimal product family share by 20% share and taking over 24 hours to run. Although Simpson supports genetic algorithms as the best optimization method [16] , the results obtained for this case study were clearly suboptimal. However, it should be noted that this genetic algorithm was not tailored in any way to handle the complexity of the problem or to take advantage of parallel processing capabilities. The gradient and stochastic searches are still identical to the grid search because the problem is again an integer problem. Therefore, product searches for this case study using Sawtooth"s Advanced Simulation Module are performed using the grid search because it had the greatest computational effectiveness and returned the most consistent results. Figure 8 reinforces what was discovered in the previous case study in that the introduction of additional products causes only marginal increases in preference share. To help determine the appropriate number of products to offer, Figure 9 depicts the logit transform of preference share for this data set. Again, a local optimum is present when the product line contains five products. This suggests that the optimal product line size for this case study is five products. Table 8 shows the Commonality Index calculation for the product line when two through five products are offered. It should be noted that these commonalities are very similar to those in Table 3 (within 10% for each number of products). This is interesting when considering the size difference between these two case studies. Case Study II has three times the 3  2  5  6  2  3  3  2  4  2  3  2  4  3  3  4  4  3  2 number of design variables of Case Study I. Also, attributes one and six in Case Study I have eight and nine unique levels, respectively, while the maximum number of levels for any attribute in Case Study II is six. The only similarity between these two case studies is that we have determined the ideal number of market segments is around five products. This result demonstrates that the number of market segments has a possible influence on the level of commonality within each optimized product line. Having explored the individual product solutions, the creation of the bottom-up and top-down platforms is presented in the next section. 
Exploring How Product Line Size Affects Market Share
Product Platform Creation
As before, the bottom-up platform is created based upon the optimal five product line using the same platform architecture rules as in Section 3.4. The MOGA is run using the same settings as before to show the relationship between preference share and the Commonality Index for product lines ranging from two to five products. These results are shown in Figure 10 . Figure 11 shows the Pareto frontier for the 5 product line case as well as the location of the bottom-up platform with respect to the frontier. Remember that each of these points along the frontier represents an optimal platform. It is up to the firm to determine the relative importance of each objective, in this case preference share and commonality, in order to determine which point along the Pareto frontier is most desirable.
The dashed lines denote two selected top-down platforms selected to be compared to the bottom-up platform results. These two platforms were selected so that one dominates the bottom-up platform with respect to preference share yet has a similar Commonality Index and the other dominates the bottom-up platform with respect to commonality and has a For Case Study II, the two top-down platforms selected have preference shares of 86.59 percent and 82.42 percent with commonalities of 0.829 and 0.947, respectively, as shown by the arrows in Figure 11 . The optimal product line of five products as well as the bottom-up and top-down platforms for Case Study II are shown in Table 9 . Table 10 contains the number of build combinations, the preference shares, and the Commonality Index for the unplatformed solution, the bottom-up platform, and the topdown platform solutions. By optimizing the product line for five products, the number of possible build combinations is reduced from over one billion to just below seven million. The bottom-up platform sacrificed about 5.5 percent share but reduced the number of build combinations by slightly over 2 orders of magnitude in comparison with the non-platformed solution.
Comparison of Results
The first top-down platform presented outperformed the bottom-up platform in preference share, build combinations, and the Commonality Index. This platform reduced the number of build combinations from the non-platformed case by another three orders of magnitude while sacrificing only 0.42% preference share. The second top-down platform captured slightly more share than the bottom-up platform yet had a much greater Commonality Index. This platform has only 16 possible build combinations yet captured almost 1% more share than the bottom-up platform.
Both of the top-down platforms presented dominate the bottom-up platform, showing the suboptimality of the bottomup platform approach. An exploration of the bottom-up platform in the multiobjective performance space shows that this solution exists well within the Pareto frontier of the topdown five product platforms as depicted in Figure 11 . As shown in both case studies, the bottom-up platforming method is clearly suboptimal. This suboptimality is further amplified as the problem complexity increases because it is much more difficult to find the initial optimal product line from which the platform is created. In this case, the product line from which the platform was created was not optimal because it was within the Pareto frontier found using the MOGA. Also, the bottomup platform requires two optimizations versus one for the MOGA which increases the likeliness of returning a suboptimal result.
DISCUSSION
The first objective of this paper was to show how the preference share of a product line increases as the number of product offerings increases. As expected, initial large gains in share of preference eventually lead to diminishing marginal returns. Segmentation measures for these two case studies suggested that ideal segmentation is five products.
The Pareto frontiers presented for these problems provide an effective means of visualizing the relationship between the number of product offerings, commonality, and preference Case Study II shows the true benefit of this platforming research because for a single product, there are over 1 billion build combinations. While a bottom-up platforming method may be acceptable, there are two complications. First, the complexity of the problem challenges the notion that an optimal line of starting products can be discovered. Therefore, the resultant bottom-up platform can likely turn out to be less than optimal. Second, in order to create a bottom-up platform, a heuristic must be selected in order to create the platform which means the platform results will vary as the heuristic is modified. Multiple heuristics may be utilized before finding what is deemed an acceptable platform because the change in preference share based on the heuristic used is not known until the platform is optimized which adds a significant amount of additional time.
In using the presented top-down approach with a multiobjective genetic algorithm to maximize preference share (minimize -share) and commonality (minimize -commonality), the relationship between commonality and preference share can be determined and the performance of each platform along the Pareto frontier is known before the platform is created. This allows for a more well-informed decision in creating a product platform. The acceptable trade-off between commonality and preference share can be selected according to whatever heuristic the firm deems appropriate and a platform can be created that will best satisfy the firm"s objectives. Further, by using the Commonality Index as an objective function, product architecture decisions are not required to be rigid across all five products. This allows the potential for multiple platform generation, and poses an interesting area of future work.
CONCLUSIONS
In this paper, the relationship between number of products in a product line and market share was shown for two different case studies. For each problem, the appropriate number of offered products was determined by exploring the change in the logit of preference share. Both problems showed a local optima of five products, suggesting that five products is the appropriate product line size for the optimization process.
Two methods of platforming were also explored. A bottom-up approach created a platform based on the solution to the individually optimized product line. Commonality is fully enforced for a subset of attributes and the product line is reoptimized to determine how much preference share the platform can capture. This optimization typically resulted in a loss of preference share when compared to the original product line, but was also accompanied by a significant reduction in the number of build combinations.
A top-down approach was then explored in which a MOGA was used to determine the relationship between commonality and preference share for multiple numbers of product offerings. Commonality in this case was measured using the Commonality Index, which allowed product architecture decisions to be made that did not enforce full commonality in an attribute across all product offerings.
The top-down approach allows for a well-informed decision of how commonality and the number of product offerings influence the capture of preference share. Further, this approach outperformed the non-platformed product line for a problem of significant complexity. Future research is desirable in order to: 1) determine a heuristic for relating enforced commonality and preference share to saved costs for the firm, 2) add price variability, and 3) modify the MOGA objectives to maximize cost savings to the firm associated with commonality instead of using the Commonality Index.
